Spontaneous brain activity at rest is highly organized even when the brain is not explicitly engaged in a task. Functional connectivity (FC) in the alpha frequency band (α,(8)(9)(10)(11)(12) during rest is associated with improved performance on various cognitive and motor tasks. In this study we explored how FC is associated with visuomotor skill learning and offline consolidation. We tested two hypotheses by which resting-state FC might achieve its impact on behavior: preparing the brain for an upcoming task or consolidating training gains. Twenty-four healthy participants were assigned to one of two groups: The experimental group (n ¼ 12) performed a computerized mirror-drawing task. The control group (n ¼ 12) performed a similar task but with concordant cursor direction. High-density 156-channel resting-state EEG was recorded before and after learning. Subjects were tested for offline consolidation 24h later. The Experimental group improved during training and showed offline consolidation. Increased α-FC between the left superior parietal cortex and the rest of the brain before training and decreased α-FC in the same region after training predicted learning. Resting-state FC following training did not predict offline consolidation and none of these effects were present in controls. These findings indicate that resting-state alpha-band FC is primarily implicated in providing optimal neural resources for upcoming tasks.
Introduction
The human brain spontaneously produces electromagnetic activity even when a subject performs no specific task. In particular, oscillations in the alpha frequency band (α), that is, about 8-12 Hz, can be observed during wakefulness without engaging in any task. Spontaneous brain activity is highly organized and coherent within specific neuroanatomical systems (Damoiseaux et al., 2006; Fox et al., 2005; Greicius et al., 2003) and accounts for the majority of the brain's energy cost (Raichle and Mintun, 2006) . Synchronization of oscillations between different brain regions at rest reflects communication (i.e. functional connectivity, FC) between brain regions (Fries, 2005) and correlates with better behavioral performance on various cognitive and motor tasks in healthy humans (Fox et al., 2007; Guggisberg et al., 2015; Hipp et al., 2011; Sadaghiani et al., 2015) . This has been shown in particular for alpha rhythms which are the main carrier for phase synchronization during resting-state (Dubovik et al., 2013; Guggisberg et al., 2008 Guggisberg et al., , 2015 Hillebrand et al., 2012; Rizk et al., 2013 ). The precise role of these oscillations is unknown.
There are currently two hypotheses on how resting-state FC might impact behavior (Deco et al., 2011; Harmelech and Malach, 2013; Miall and Robertson, 2006; Raichle and Snyder, 2007; Sadaghiani and Kleinschmidt, 2013) . First, it might optimize the availability of neural resources and prepare for neural processing during tasks. Brain activity immediately before a task was found to influence behavioral performance as well as the magnitude of neural responses during the task (Britz and Michel, 2011; Sadaghiani and Kleinschmidt, 2013) . Evidence for this possibility has been provided in particular for neural oscillations in the alpha frequency band in visual perception. Amplitude, phase, and synchronization of alpha oscillations at stimulus onset influenced subsequent perception of visual stimuli (Busch et al., 2009; Ergenoglu et al., 2004; Hanslmayr et al., 2005 Hanslmayr et al., , 2007 Mathewson et al., 2009; van Dijk et al., 2008) . However, the role of longer periods of rest on subsequent task processing and learning has so far not been explored.
A second hypothesis posits that resting-state communication after learning contributes to consolidation of training gains. This is true for sleep-related neural consolidation processes (Diekelmann et al., 2009; Gais et al., 2002; Huber et al., 2004; Maquet et al., 2000; Robertson et al., 2004; Stickgold, 2005; Walker et al., 2002) . However, the role of resting-state processes during wakefulness for consolidation is less clear. Memory consolidation has also been reported during awake resting periods (Cohen et al., 2005; Press et al., 2005) , although behavioral gains have been less consistent.
Alpha and beta rhythms have been shown to modulate after motor learning (Deeny et al., 2009; Gentili et al., 2015; Mehrkanoon et al., 2016; Wu et al., 2014) . Wu et al. (2014) used electroencephalography (EEG) and reported that increased FC in the beta-band in left parietal-motor areas during task predicted improvements in a pursuit rotor task. Gentili et al. (2015) found a reduction of alpha-band FC in frontal regions after training on a motor adaptation task. So far studies investigated network changes by comparing changes in resting-states before vs. during, or before vs. after motor-skill learning task (Albert et al., 2009a; Gregory et al., 2014; Sami et al., 2014; Vahdat et al., 2011; Wu et al., 2014) . It remains unknown how alpha-band FC before task influences motor skill learning and how it is related to offline consolidation.
The present study aimed to test both hypotheses in a single paradigm of procedural learning (Dayan and Cohen, 2011; Willingham, 1998; Wolpert et al., 2011) in healthy human participants. We explored functional connectivity associated with visuo-motor skill learning in mirror-drawing (Julius and Adi-Japha, 2016; Milner, 1962 ). This type of task appeals to proprioceptive and visual feedback to control movements, processes presumably relevant to development and learning of a new sport or a musical instrument or "relearning" of motor skills following brain lesions. The mirror-drawing task requires participants to trace a given shape while right-left movements of the mouse are reversed. Unlike sequence learning tasks, performance on the mirror-drawing task generalizes to other tasks, thus constituting a valuable model for studying motor skill learning (Desmottes et al., 2017; Lejeune et al., 2016; Rouleau et al., 2002; Seidler, 2007) . Both types of tasks are supported by distinct brain circuits: motor sequence learning is supported by a motor-striato-cerebellar circuit whereas spatial motor-skill learning (e.g. mirror-drawing) is supported by a frontoparietal-striato-cerebellar circuit (Hikosaka et al., 2002) . Brain stimulation studies reported modulations in mirror-drawing performance after left parietal (Balslev et al., 2004) or cerebellar stimulation (Doppelmayr et al., 2016) . The only study investigating EEG dynamics of mirror-drawing -using a single electrode over participants' forehead-reported a decrease of frontal EEG power during training which correlated with greater overall mirror-drawing performance (Wong et al., 2014) .
Up to now, it remains unclear how resting-state FC, and more specifically how alpha-band FC before and after training, is associated with mirror-drawing skills. The aim of the study is to investigate whole brain functional connectivity at rest using high-density EEG to dissociate brain network activity predicting motor-skill learning from those predicting next day offline consolidation.
Methods

Participants
Twenty-four healthy, French-speaking, participants were assigned to the experimental group (Exp Group: n ¼ 12, aged 22 AE 4; 7 men; all righthanded) or the control group (Ctrl Group: n ¼ 12; aged 23 AE 5; 7 men; all right-handed). Participants provided written informed consent and the study was approved by the Ethics Committee of the Canton of Geneva and conducted according to the Declaration of Helsinki. No participant had a history of psychiatric or neurological illness. There were no gender (X 2 (1) ¼ 0.0, p ¼ 1.0) or age differences between both groups (t (22) ¼ -0.61, p ¼ 0.83).
Stimuli and procedure
Mirror-drawing task
Stimuli were black-line star shaped figures with eight spikes (34 Â 27 cm, 0.8 cm width). For every trial, a separate star with randomly tilted spikes was used with the constraint that the total length of the line was always similar. Participants in the Exp group performed a computerized classic mirror-drawing task (Milner, 1962) with right-left movements of the mouse reversed as a measure of motor skill learning. Participants in the Ctrl group performed a similar task but with concordant direction of cursor movement as a measure of motor execution. A blue rectangle indicated where participants were required to start, corresponding to the top spike of the star. Participants were asked to continue on the right hand-side of the start point. The finishing point was in the same blue rectangle as the start. The two variables of interest were the number of errors and the completion time. Errors were calculated as the number of times the participants went beyond-inwards or outwardsthe stars' boundary line (Errors). Completion time (Time) was calculated as the time subjects took to complete one star, from the first click in the blue rectangle to the last click in the blue rectangle. Participants were asked to be as accurate and fast as possible, without trading errors for speed or speed for errors. In case of significant deviation of the mouse, i.e. for example a sudden jolt, the trial was terminated by the experimenter and a new star was proposed. Both groups performed a short 2-min training of their respective tasks to get familiarized. Then, participants performed the task in the morning of the first day for 12 min ( Fig. 1A) . 24h later, participants came back to the lab to perform the same task for 12 min to test for offline consolidation. Training was determined as the amount of time spent on the task, i.e. 12 min, regardless of how many stars participants performed. Participants were not told they would be tested on this same task the following day, thereby minimizing conscious rehearsal of the task. Participants in the Exp group performed on average (mean AE SD) 9.5 AE 2.5 stars in 12 min on Day1 and 12.3 AE 2.5 stars on Day2. Participants in the Ctrl group performed 25.0 AE 10.1 stars in 12 min on Day1 and 24 AE 10 stars on Day2. Participants filled out a questionnaire addressing use of computer and mouse and frequency of video game playing (as mirrordrawing skills are required for certain types of video games). All participants were regular computer users but naïve with regards to mirrordrawing skills. Furthermore, a questionnaire evaluating sleepiness (Karolinska Sleepiness Scale, KSS) was filled by the participant before each session and the number of hours of sleep before each day was recorded. Participants were asked to stick to their sleeping routine before both days to prevent differences in level of fatigue between both daily sessions.
Statistical analyses
To measure Learning we contrasted the first four trials on day 1 (Day 1 BEG) with the last four trials on day 1 (Day 1 END). To measure Offline consolidation, we contrasted the last four trials on day 1 (Day 1 END) with the first four trials on day2 (Day 2 BEG) for Errors and Time separately. Two participants in the Exp group performed 7 trials instead of 8 on Day 1; we thus contrasted the first three trials with the last four trials for these two participants. An additional analysis included learning effects on Day2 and contrasted the first four trials on day2 (Day2 BEG) with the last four trials on day2 (Day2 END).
We then performed mixed model repeated-measure ANOVAs for Errors and Time with between-subject factor Group (Exp, Ctrl) and withinsubject factor Time of Day (Day 1 BEG, Day 1 END, Day 2 BEG). In case of significant interaction, paired t-tests were performed for each group separately. Greenhouse-Geisser correction was used in cases of violation of sphericity. Effect sizes are reported with the partial eta square (ηp2).
Additionally, we calculated two indexes taking into account the relative percentage of improvement. The learning index was calculated for Errors and Time variables separately as ((END-BEG Day1/BEG Day1) *100). Error and Time percentages were then averaged to obtain a single value. The learning index reflects the extent to which their performance improved at the end of Day1 compared to the beginning of Day1.
The offline consolidation index was calculated for Errors and Time as ((BEG Day2-END Day1/END Day1)*100); these two percentages were then averaged to obtain a single value for each participant. The offline consolidation index reflects the extent to which their performance improved at the beginning of Day2 compared to the end the training on Day1. Negative indexes reflect greater improvement.
To examine whether network connectivity predicted learning and offline consolidation, we performed correlational analyses between FC and these performance indexes.
EEG acquisition and analyses EEG data acquisition
Continuous electroencephalography (EEG) was recorded using a 156-channel Brainvision actiCHamp active electrode system (Brain Products GmbH, Germany), with ground electrode set between Fp1 and Fp2, at a sampling rate of 1000Hz during resting conditions in which participants were asked to stay awake, but with their eyes closed. Resting-state EEG was recorded for 10min on Day 1 (Rest1), for another 10min (Rest 2) after task instructions and practice and for 20min immediately following task completion (first 10min, Rest3; last 10min, Rest4). Electrodes were individually digitalized with CapTrak (Brain Products GmbH, Germany) to determine precise electrode positions at a single-subject level. Artifacts or other noise transients were excluded by visual inspection of the data and artifact-free data was recalculated against the Cz electrode for each condition. The choice of the reference (average reference vs Cz) has no incidence on the accuracy of FC maps as the FC analyses are performed on the source level (Geselowitz, 1998; Guggisberg et al., 2011) .
Functional connectivity analyses
Functional connectivity (FC) at the cortical source level was analyzed with Matlab (The MathWorks Inc., Natick, USA) using the Functional Connectivity Mapping (FCM) toolbox implemented in NUTMEG (http://www.nitrc.org/plugins/mwiki/index.php/ nutmeg:MainPage: Dalal et al., 2011) . First, we computed the lead potential with a 10 mm grid spacing using a 3-shell Boundary Element Model (BEM) based on the Montreal Neurological Institute template surfaces which were warped to the individual head shape as determined from individual digitized electrode coordinates. For participants with no digitalized electrode coordinates (4 participants in each group), we used the Montreal Neurological Institute (MNI) template brain. The BEM model was created using the Helsinki BEM library (http://peili.hut.fi/ BEM/) (Stenroos et al., 2007) .
EEG was bandpass-filtered between 8 and 20Hz and segmented into 300 non-overlapping, artifact-free epochs of 1s duration with a Hanning window and Fourier transformed with 1024 frequency bins f. Fourier coefficients were then projected to grey matter voxels with an adaptative spatial filter calculated for each subject (scalar minimum beamformer: Sekihara et al., 2004) :
Where T indicates the matrix transpose. We calculated the imaginary coherence I (Nolte et al., 2004 ) between all pairs of voxels in the grey matter during all artifact-free segments as follows:
where * is the complex conjugate, Im the imaginary component and diag(M) denotes the vertical vector formed by the diagonal entries of the matrix M . Imaginary coherence (IC) is the lagged coherence, which is a FC measure of the correlation between two signals in the frequency domain and depends on the phase consistency between the signals. The benefit of IC over other measures of FC is that it is not subject to biases arising from spatial leakage or volume conduction of the inverse solution . IC was calculated for the alpha frequency band (8-12 Hz) according to our hypothesis of FC changes associated with motor learning and offline consolidation. FC in the beta band (13-20 Hz) was also calculated as it has been previously associated with motor learning (Wu et al., 2014) .
We calculated the weighted node degree of each voxel as the sum of its IC with all other voxels (Newman, 2004; Nicolo et al., 2015) :
It can be seen as an index of the overall importance of an area in the brain network (Stam and van Straaten, 2012) . To minimize the potential confound of changes in signal-to-noise ratio influencing IC magnitude, we normalized weighted node degrees by calculating Z-scores (Dubovik et al., 2012) . This was achieved by subtracting the mean weighted node degree of all voxels from the values at target voxels and dividing by the standard deviation over all voxels. Z-score maps were spatially normalized to the canonical MNI brain space with SPM8 (http://www.fil.ion. ucl.ac.uk/spm/software/spm8/).
We extracted the normalized weighed node degree in 3 anatomically defined regions of interest (ROI) using the Anatomical Automatic Labeling atlas (AAL: Tzourio-Mazoyer et al., 2002) : left superior parietal lobe (SPL), inferior parietal lobe (IPL) and left precentral gyrus (PCG). The two left parietal ROIs were chosen to test our hypothesis for modulation of left parietal networks in motor-skill learning (the spatial circuit; Hikosaka et al., 2002) . We included the left motor cortex (PCG) to further confirm the specificity of our effect.
We then screened the 3 ROIs for network correlates of skill learning at both the alpha and beta frequency bands. Training-induced changes between Rest2 and Rest3 recordings were tested against the nullhypothesis of zero change with paired t-tests and assessed for associations with the learning index using Pearson correlations. The same screening procedure was applied for the offline consolidation index.
To control for testing three different ROIs at two frequency bands, we performed permutation statistics that estimated the probability that FC changes correlating with learning would be found by pure chance at any ROI or frequency. At each of 2000 permutations, we first inverted the polarity of FC change values for some subjects (i.e., we multiplied the values at all ROIs and frequency bands by À1), with a different combination of inverted subjects in each permutation. New paired t-tests and Pearson correlations were then obtained from the permutated values. The proportion of permutations in which we observed significant FC changes and significant correlations with learning at any ROI or frequency band was then used as the probability that our results were false positives due to multiple testing. By scanning all three ROIs and both frequency bands at each permutation, we effectively controlled for multiple testing.
At the ROI and frequency band that survived the screening procedure, we then computed correlations between weighted node degree before training and learning. We also investigated FC changes occurring before training (Rest2-Rest1 difference) to assess the time window where FC changes occur during preparation of the task. Additionally, we applied unpaired t-tests to assess between-group differences in IC magnitude.
In order to confirm the spatial specificity of the results, we also performed voxel-wise statistics. Differences between resting conditions and groups were tested against the null-hypothesis of zero change with statistical non-parametric mapping (SnPM) at each voxel. Maps are reported without correction for multiple testing since we are interested in the specificity of the effect.
To further confirm the hemispheric specificity of the resultscontralateral to the dominant hand -we also assessed the homologous right ROIs (right SPL, IPL and PCG) with regards to FC changes or correlations with behavioral indices. Additionally, we calculated alpha power in all three left-hemispheric ROIs and performed correlations between alpha power and behavioral indexes and between alpha power and alpha-band FC. Analyzing power changes allows us to dissociate changes in synchronicity of oscillations from increases in the amplitude of oscillation.
Finally, we performed an exploratory seed analysis to investigate the connections of the SPL to the cortico-striato-cerebellar pathways typically reported in motor-skill learning (Dayan and Cohen, 2011; Hikosaka et al., 2002; Jahanshahi et al., 2015) . We based our analysis on ROIs defined with the AAL atlas (Tzourio-Mazoyer et al., 2002) . These included left and right superior and inferior frontal ROIs, precentral gyrus, supplementary motor area, striatum (caudate and putamen) and cerebellum. The mean Z-score normalized IC was calculated between the SPL and each of these ROIs and tested against the null-hypothesis of zero change. These results were not due to subjective differences in sleepiness (KSS) or number of hours of sleep, as there were no within-or betweengroups differences (all p > 0.11). The results are not readily explained by a floor effect in the control group as there was still on average 3.85 AE 2.37 errors at the end of Day2. Fig. 2 displays the normalized whole-brain FC in the alpha-band across Rest1, Rest2, Rest3 and Rest4 for the experimental ( Fig. 2A) and control (Fig. 2B) groups. The Z-score normalized weighed node degree for Rest2 at the left SPL (t (11) ¼ 4.76, p < 0.001) and IPL (t (11) ¼ 2.58, p ¼ 0.025), but not PCG (t (11) ¼ 0.65, p ¼ 0.53), or right homologous ROIs (all p > 0.11) were significantly greater than 0 (i.e., greater than the average of all other brain voxels) indicating that left parietal, but not motor areas, had relatively high importance in the network at alpha frequencies.
Results
Task and behavioral results
Repeated
Functional connectivity results
Training-induced network changes
During a screening for learning-associated changes in FC in the Exp group, we observed significant network changes correlating with learning in the alpha-band at the left SPL (p < 0.037, corrected, permutation test), but not at the other left-or right-hemispheric ROIs or at the beta-band. There was a significant decrease between Rest2 and Rest3 in weighted node degree in the left SPL (t (11) ¼ -2.23, p ¼ 0.047) as well as voxel-wise (t > 2.20, p < 0.05; Fig. 2C and D) . The decrease in left SPL correlated with the learning index: the more alpha-band FC decreased with training, the better the performance improvement (r (10) ¼ 0.58, Fig. 2E ). There was no association between learningassociated changes in FC and the offline consolidation index (r (10) ¼ 0.17, p ¼ 0.59).
In the Ctrl group, there were no statistical differences between Rest3 and Rest2 in any of the 3 ROIs (all p > 0.41; Fig. 2C , G) and no correlation with performance for any of the 3 ROIs (all p > 0.36; Fig. 2H ). Left SPL ROI alpha-band FC is plotted on Fig. 2C for both groups.
Predictors of learning
Alpha FC between the left SPL and the rest of the brain during Rest2 (immediately before performing the task) predicted the degree of learning. The more the left SPL was connected to the rest of the brain, the better the learning (r (10) ¼ À0.587, p ¼ 0.044; Fig. 2F ). FC during Rest 1 (r (10) ¼ 0.03, p ¼ 0.93) and the change between Rest1 and Rest2 were not correlated with learning (r (10) ¼ 0.27, p ¼ 0.39). There were no correlations between right-hemispheric ROIs and learning (all p > 0.13).
In the Ctrl group, there was no correlation between FC during Rest2 and the learning index (p > 0.493; Fig. 2I ).
Predictors of offline consolidation
Comparison of the first 10 min of post-learning resting-state (Rest3) with resting-state acquired between 10 and 20 min after learning (Rest4) showed no significant changes in FC from Rest3 to Rest4 at any ROI or frequency bands (p > 0.37) and no correlation with offline consolidation (p > 0.28). Further exploratory analyses showed no correlation between Rest2, or Rest3, and offline consolidation index in any of the ROIs (p > 0.40).
Baseline and between-group group comparison
Independent t-tests confirmed the specific effect of training in the experimental group. The Rest3-Rest2 difference significantly differed between groups: left parietal alpha-band FC in the Exp group was significantly reduced compared to the Ctrl group (p ¼ 0.031).
There were no between-group differences in the left parietal ROI for the alpha frequency band before task for either resting state conditions (Rest1: p ¼ 0.398; Rest2: p ¼ 0.382). There was also no evidence of any modulation of alpha-band FC at the left parietal ROI for Rest2-Rest1 in any of the groups (Exp group: p ¼ 0.517; Ctrl group: p ¼ 0.531).
Power analysis
There was no alpha power difference between Rest3 and Rest2 for the 3 ROIs (all p > 0.40) or between-subject difference in Rest3-Rest2 alpha power either (all p > 0.27). Correlations between alpha power at Rest2 and learning (all p > 0.12), or between Rest3-Rest2 alpha power and learning (all p > 0.10) were not significant. Additionally, alpha-band FC did not correlate with alpha-power in any of the Rests. Changes in alphapower between Rest2 and Rest3 did not correlate with changes in alpha-FC in any of the 3 ROIs (p > 0.23) further indicating that FC, but not local processing as evidenced by power changes, modulated with training.
Seed analysis
Exploratory analysis revealed that the global decrease in alpha-band FC between left SPL and the rest of the brain (Rest3-Rest2) was accompanied by a significant alpha-band FC increase between left SPL and bilateral cerebellar Crus I and Crus II regions (Left: (t (11) ¼ 2.28, p ¼ 0.043); Right: (t (11) ¼ 2.55, p ¼ 0.027). At Rest2, there were no statistically significant connections between left SPL and other regions of the network (all p > 0.18). However, at Rest3 the SPL was significantly connected to a network comprising left striatum (t (11) ¼ À4.18, p ¼ 0.002) and Crus I and II cerebellar regions (t (11) ¼ 2.68, p ¼ 0.021). There were no significant connections with left frontal or motor regions (all p > 0.34) or with right hemispheric ROIs (all p > 0.16). However, none of these connections predicted performance (all p > 0.12).
Discussion
This study indicates that whole-brain functional brain connectivity at rest, before learning a new visuo-motor skill, predicts how well it will be learned. Participants in the mirror-drawing group improved during the learning phase and demonstrated overnight offline consolidation. As these effects were absent in the control group, they likely result from motor-skill learning rather than an improvement in general motor function. Visuo-motor skill learning -but not simple motor executionwas predicted by increased alpha-band FC between the left superior parietal cortex and the rest of the brain before, and FC reduction in the same region after task completion.
Increased left superior parietal alpha-band FC with the rest of the brain before task initiation predicted visuo-motor skill improvements on the mirror-drawing task, suggesting that distinct neural network states support subsequent performance. There was no evidence for predictions of behavior based on evolving FC changes before starting the task. This indicates that training behavior was influenced by slow fluctuations in a network state occurring over tens of minutes, rather than by short-lasting preparations of the task. Previous studies have also suggested that fluctuations in EEG phase or spectral power before stimulus processing predict variations in behavioral performance and neural responses in subsequent trials on perceptual or cognitive tasks (Britz and Michel, 2010; Busch et al., 2009; Hanslmayr et al., 2007) . These findings are compatible with the first hypothesis suggesting that resting-state network interactions are important for providing an optimal brain state for upcoming tasks.
During acquisition of the mirror-drawing skill, there was decreased network connectivity in the same network that was initially recruited before task initiation, suggesting a fine-tuning of task-related brain networks. Task-related reduction in connectivity have been reported in previous resting-state fMRI (Albouy et al., 2013a; Coynel et al., 2010; Sami et al., 2014; Tzvi et al., 2015) and EEG studies after motor-skill learning (Gentili et al., 2015; Novakovic and Sanguineti, 2011) , although enhancements have been reported too (Albert et al., 2009b; Gregory et al., 2014; Sami et al., 2014) . These findings are also consistent with disengagement of brain activity with expertise (Del Percio et al., 2010; Milton et al., 2007) or during transfer from implicit to explicit motor-skill knowledge (Pascual-Leone et al., 1994) .
Global decreased connectivity after mirror-drawing was accompanied by enhanced within-network connectivity of a striato-cerebellar network, a key network in motor learning (Dayan and Cohen, 2011; Hikosaka et al., 2002) . Anatomical and physiological animal studies have reported interconnections between parietal and cerebellar Crus I and II regions (Allen and Tsukahara, 1974; Brodal, 1983) . Neuroimaging studies in humans have also reported connections between cerebellar and parietal regions (Allen et al., 2005; O'Reilly et al., 2010; Stoodley and Schmahmann, 2009 ) during inter alia, motor-skill learning (Tzvi et al., 2017) and manipulation of spatial information (Igl oi et al., 2015) . This seed analysis suggests that training may have reduced neural cost and increased efficiency of the functional network controlling motor learning. Increased efficiency may result from highly connected hub regions with low wiring cost and hence shorter distance between brain regions (Wang et al., 2010) . Whole-brain alpha-band FC may thus be implicated in providing optimal neural resources before a task and shaping learning-relevant network nodes after training. This result is in line with previous studies showing resting-state FC in task-related regions in late phases of motor learning as a result of increased network efficiency (Ma et al., 2011; Vahdat et al., 2011; Yoo et al., 2013) . The left parietal global decrease of connectivity and its modulations within the left striato-cerebellar network after mirror-drawing skill learning confirms that the fine-tuning occurs at the level of the spatial representations rather than at the level of the coding of specific motor programs in the motor cortex (Hikosaka et al., 2002) .
Left superior parietal cortex is a plausible candidate as it appears to be involved in the preparation, planning, online control and sequencing of movements (Manuel et al., 2013; Mutha et al., 2010; Rizzolatti and Matelli, 2003; Rushworth et al., 2003) , in the spatial representation and adaptation of motor sequences (Albouy et al., 2013b (Albouy et al., , 2015 Hikosaka et al., 2002; Mutha et al., 2011) and in motor attention (Rushworth et al., 2001) . Modulation of left parietal networks has been reported in previous motor adaptation studies using fMRI resting-state FC or EEG resting-state FC based on surface connectivity metrics (Albert et al., 2009b; Wu et al., 2014) .
We found evidence for a training-related modulation of alpha-band FC, but not beta-band FC. This confirms the previous findings showing associations between alpha FC in task-related areas and performance on that task (Dubovik et al., 2013; Guggisberg et al., 2008 Guggisberg et al., , 2015 Hillebrand et al., 2012; Rizk et al., 2013) . However, this result seems at odds with previous findings showing that increased EEG beta-band FC (and to a lesser extent alpha-band) correlates with training on a pursuit rotor task (Wu et al., 2014) . However, the previous study investigated M1 centered FC, and not whole brain functional connectivity, thus they did not assess how left parietal areas are connected to the rest of the brain. Furthermore, our task may have involved more visuospatial aspects of learning than the previous task which might also explain different connectivity patterns. Associations between alpha oscillations and performance have been shown in different tasks (motor, spatial or perceptual learning tasks) and using different methods as well (TMS, neurofeedback) (Di Nota et al., 2017; Ros et al., 2017; Sigala et al., 2014) . Accordingly, the precise role of these alpha oscillations does not seem to depend on the nature of the task, but rather on their role in plasticity.
There were no association between parietal or motor functional connectivity networks during the first 20 min after training and offline consolidation. These results indicate that the left parietal alpha-band resting-state network engaged before training plays a specific role in preparing the brain for the upcoming tasks (hypothesis 1) rather than contributing to the consolidation of training gains (hypothesis 2). Offline consolidation may rather be the result of slow neural processes occurring during sleep (Diekelmann et al., 2009 ) such as slow waves or sleep spindles (Gais et al., 2002; Huber et al., 2004) or even the simple passage of time (Doyon et al., 2009) . However, this is only speculative, as our study did not investigate sleep related consolidation processes.
Taken together, our study supports the first hypothesis and suggests that alpha-band whole-brain FC is primarily implicated in providing optimal neural resources before a task. This clarifies previous evidence for associations between alpha-band FC and behavioral performance (Dubovik et al., 2013; Guggisberg et al., 2015; Pollok et al., 2015; Rizk et al., 2013; Vossen et al., 2015) .
Conflicts of interest
None.
